17 Species distribution models (SDMs) have become important and essential tools in conservation 18 and management. However, SDMs built with count data, commonly referred to as species 19 abundance models (SAMs), are still less used so far. SDMs are increasingly used now in 20 conservation decisions, whereas SAMs are still not widely employed. Species occurrence and 21 abundance do not frequently display similar patterns, often they are not even well correlated. This 22 leads to an insufficient or misleading conservation. How to combine information from SDMs and 23 SAMs all together for unified conservation remains a challenge. In this study, we put forward for 24 the first time a priority protection index (PI). The PI combines the prediction results of occurrence 25 and abundance models. We used the best-available presence and count records for an endangered 26 farmland species, Great Bustard (Otis tarda dybowskii) in Bohai Bay, China, as a case study. We 36 employment of SAMs these findings have a wide relevance and applicability, worldwide. We 37 promote and strongly encourage to further test, apply and update the priority protection index (PI) 38 elsewhere in order to explore the generality of these findings and methods readily available now 39 for researchers. 
Species distribution models (SDMs) have become important and essential tools in conservation and management. However, SDMs built with count data, commonly referred to as species abundance models (SAMs), are still less used so far. SDMs are increasingly used now in conservation decisions, whereas SAMs are still not widely employed. Species occurrence and abundance do not frequently display similar patterns, often they are not even well correlated. This leads to an insufficient or misleading conservation. How to combine information from SDMs and SAMs all together for unified conservation remains a challenge. In this study, we put forward for the first time a priority protection index (PI).
The PI combines the prediction results of occurrence and abundance models. We used the best-available presence and count records for an endangered farmland species, Great Bustard (Otis tarda dybowskii) in Bohai Bay, China, as a case study. We then applied the advanced Random Forest algorithm (Salford Systems Ltd. implementation), a powerful machine learning method, with eleven predictor variables to forecast the spatial occurrence as well as the abundance distribution. The results show that the occurrence model had a decent performance (ROC: 0.77) and the abundance model had a RMSE 26.54. It is of note that environmental variables influenced bustard occurrence and abundance differently. We found that occurrence and abundance models display different spatial distribution patterns. Still, combining occurrence and abundance indices to produce a priority protection index (PI) used for conservation could guide the protection of the areas with high occurrence and high abundance (e.g. in Strategic Conservation Planning).
Due to the widespread use of SDMs and the rel. easy subsequent employment of SAMs these findings have a wide relevance and applicability, worldwide. We promote and strongly encourage to further test, apply and update the priority protection index (PI) elsewhere in order to explore the generality of these findings and methods readily In this study we chose the endangered Great bustard (Otis tarda dybowskii) wintering in 70 Cangzhou at the North China Plain near Bohai bay as a case study. This area is one of the most 71 important wintering grounds for this species (about 300 individuals, c.13.6~20.0 % of China's 72 total wintering population (Goroshko 2010; Meng 2010) . Using the Great Bustard as a case study 73 would contribute to our conservation knowledge about habitat use of a threatened farmland species 74 and for a better policy. By studying not only the spatial occurrence and the abundance patterns, 75 but also combining these two model types together as a role model for predictive modeling and its 76 inference would potentially have wider conservation implications. Our overall objective of this 77 research was to (1) assess and develop models to predict accurately the patterns of bustard 78 occurrence and abundance; (2) infer on environmental variables that influence occurrence and 79 abundance of this species; (3) combine occurrence and abundance models as a new contribution 80 to conservation decisions; and (4) investigate the overall relationship among predicted occurrence, 81 predicted abundance and observed abundance. Well-tested and suited methods from this research 82 could be useful for the conservation of Great Bustard, but also other rare species and biodiversity 83 in general where SDMs and SAMs can be employed. 146 the robustness of the model we pooled data from 2013 and 2014, and then used 80% abundance 147 data as training data and the remaining 20% as testing data. When we constructed initial abundance 148 models with all eleven environmental predictors, model performance is not so good (R 2 was small). 149 Likely that has to do with the regression settings in Random Forest algorithm. For a better outcome 150 we assessed a "stepwise" setting in SPM for whole abundance data (100%) to re-run models, and 151 found better results. In that way, we identified a multivariate set of four environmental predictors 152 (distance to expressway, distance to national road, distance to pool, MNNDVI), which have the 153 best performance (biggest R 2 ). Using these four predictors, we re-constructed the abundance model 154 based on the training data (80%) and validated it with testing data (20%). We found that the 155 regression model performance was acceptable but fair (R 2 = 0.551) between observation and 156 simulation abundance. Thus, we constructed the final abundance model based on the above four 157 selected variables and with the entire observation data. In order to obtain an abundance index more 158 close to observations we adjusted the simulation abundance according to the linear regression 159 between observation and simulation abundance (Fig. 2a) . 160 Put Fig. 2 Here Further, Random Forest was also applied to rank the relative importance of environmental 162 variables. In SPMv7, partial dependence plots are not directly implemented in Random Forest yet, 163 but can easily be obtained from R or are mimicked in TreeNet model as a Random Forest run. 164 Thus, we used TreeNet with bagging settings to create partial dependence plots for each variable 165 of the occurrence and abundance models. 166 About 10,000 pseudo-absence points were taken by random sampling across study areas using 167 the freely available Geospatial Modeling Environment (GME) software 168 (http://www.spatialecology.com/gme/) for distribution models. In SPMv7 we set balanced class 169 weights, grew each model to 1,000 classification trees for occurrence model and 1,000 regression 170 trees for abundance model, and used all other software default settings. We extracted the habitat 171 information from the environmental layers for presence and pseudo-absence points for Great 172 Bustards in GME, and then created a model file in SPM7 called a 'grove' containing the algorithm 173 quantifying patterns of occurrence for scoring all pixels in the study area. We also extracted the 174 habitat information from the same environmental layers for abundance points, and then generated 175 a 'grove' file for abundance to score abundance estimates for each pixel in the study area.
176
For spatial occurrence and abundance distribution visualization, we applied the SPM7 grove 177 files to a regular lattice of points (pixels; also attributed to the environmental variables) spaced at 178 30 m intervals across the study area. Model outputs generated relative indices of occurrence (RIO;
179 an index of pixels from 0 to 1 representing a relative index belonging to the 'occurrence' class) 180 and a relative abundance index (simulation abundance) for each point in the regular lattice based 181 on its underlying environmental variables. We also adjusted the predicted abundance based on a 182 linear regression as constructed in the previous model development steps (Fig. 2a) 
The occurrence and abundance models of Great Bustard developed here were designed to 252 identify relevant locations for where to prioritize conservation, and to assess the effects of each 253 variable that influenced this species occurrence and abundance (Fig. 3) . Area of farmland, distance 254 to residential area, distance to ditch and to expressway were among the top four most important 255 predictors for bustard occurrence in a multivariate perspective; while for the abundance model 256 they consisted of another multivariate package of distance to national road, distance to 257 expressway, distance to pool and mean NDVI (Table 2) . We found that high RIO habitats had a 258 fragmented distribution throughout the entire study area (Fig. 4a ). The abundance model showed 259 that high population usually occurred in the central and northwestern part of our study area (Fig.   260 4b) . The center, north and northeast of the study area with a high priority protection index (PI) and 261 with a severely fragmented distribution should be the priority site for protection (Fig. 4c) . This not 262 only confirms our own records but with the help of the PI can now be quantified and modeled 263 further for an effective conservation! 264
In our study area, human disturbance was very strong, such as density of roads and residential 265 areas (Fig. 1) . During our study we also found other threats to this endangered species: farmers 266 grazed their sheep; famers sprinkled poison baits in the wheat field to avoid sheep entering; some 267 bird photographers pursued bustards by walking or following on motor vehicles to take photos, 268 which they wanted to show off to others; hunters with dogs chasing hare and ring-necked pheasant 
